Graphical methods are frequently used in meta-analysis to summarize their results and to explore potential sources of heterogeneity across studies. In this paper, we illustrate a graphical method for meta-analysis of studies with dichotomous exposures and outcomes that complements other graphical and analytical approaches to meta-analysis. In prospective studies, the proportion of cases among the unexposed is plotted on the horizontal axis versus the proportion of cases among the exposed on the vertical axis. Contour lines for equal values of relative risk, odds ratio or risk difference and for the combined estimate of effect and its confidence interval are then superimposed on the graph. In case-control studies, the proportion of exposed controls is plotted on the horizontal axis versus the proportion of exposed cases on the vertical axis, although only the contour lines of equal odds ratios yield direct epidemiological interpretation. In these graphs, the distribution of the individual estimates of effect with respect to the contour lines offers a due as to the adequacy of the scale of measurement used (additive or multiplicative). This graphical method also permits direct inspection of the range of disease frequency in follow-up studies and of the range of exposure in case-control studies. Its use is illustrated with the aid of 3 examples derived from the literature.
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"^ Graphs can effectively convey die key results of a study in an intuitive and concise manner and dieir use is routinely recommended in die presentation and summarizing of data. Furthermore, diagnostic and goodnessof-fit plots are essential for checking die adequacy of analyses based on matJiematical models, particularly with small data sets in which asymptotic approximations are of limited use. Meta-analysis, defined as die combined statistical analysis of die results of all studies available on die same scientific question, are observational studies in which die unit of analysis is individual studies. 4 " 7 In general, die number of studies on any specific clinical or epidemiological issue is small, complicating analytic approaches to die evaluation of die assumptions used in die analysis, as well as model checking. Hence, graphical methods are particularly important in meta-analysis. In fact, most meta-analyses present their final results graphically, usually by plotting die estimated odds ratio, confidence interval and weight of each study in rows, ranked by year of publication, followed by die combined estimate of effect. 7 ' 8 Alternatively, graphs based on die 'odd man out' mediod summarize die result of a meta-analysis based on n studies by identifying die region covered by at least n-1 of die confidence intervals of these studies.
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In diis paper we illustrate a graphical method originally proposed by L'Abbe' et al. 10 for use in meta-analysis of studies widi estimates of effect based on proportions and apply it to 3 examples derived from the literature.
METHODS
In meta-analysis of follow-up studies widi dichotomous exposures and outcomes, die estimate of effect of each individual study is plotted in a plane defined by die proportion of cases among the unexposed on die horizontal axis and die proportion of cases among die exposed on die vertical axis. Contour lines for equal values of relative risk (figure I, left), odds ratio (figure I, centre) or risk difference (figure I, right) are dien superimposed on die graph. In case-control studies, die proportion of exposed controls is plotted on die horizontal axis versus die proportion of exposed cases on die vertical axis. In case-control studies, however, only the contour lines of equal odds ratios yield direct epidemiological interpretation. in the unexposed (in follow-up studies) or the proportion of exposure in the controls (in case-control studies).
In the examples discussed in this paper, the parameters of effect (log relative risk, log odds ratio and risk difference) of the individual studies were recalculated from the data presented in the corresponding meta-analyses. The combined estimate of effect was calculated as the average of the individual studies, weighted by the inverse of their asymptotic variances. The inverse of the sum of the weights was used as an estimate of the variance of the combined estimate of effect to calculate confidence intervals based on the normal distribution. 6 All statistical calculations and graphs were programmed in GAUSS (version 3.1).'Ê xample i: fi-blockers and secondary prevention in myocardkd infarction patients Yusuf et al. 8 presented die results of 23 clinical trials on the efficacy of long-term treatment with (3-blockers in preventing death among patients with a previous myocardial infarction (table I) .
In figure 2 we plot diese results and superimpose the contour lines corresponding to equal values of relative risk (figure 2, left), odds ratio (figure 2, centre) and risk difference (figure 2, right). We also plot the combined estimates of effect and its confidence intervals, showing a clear beneficial effect of long-term treatment with |1-blockers. We observe that mortality in the control groups ranged from 2.2 to 21.1%, reflecting the diversity among patient sources and follow-up times of individual studies and increasing the generalizability of the results. (table  2) . A plot of these results, adapted to case-control study methodology, is shown in figure 3 . In this graph, the proportion of smokers in the control and lung cancer groups are represented on the horizontal and vertical axes respectively. The proportion of smokers in all studies is high, ranging from 73.1 to 95.5% in controls and from 85.4 to 99.5% in lung cancer cases. However, over the range of prevalence of smoking in the control groups, the results of the studies are fairly consistent and tend to follow the contour line of odds ratio equal to 4.7 (pooled estimate). Thus, in a single graph, one can see that smoking is a strong risk factor for lung cancer, that its effect is reproducible and generalizable across different source populations and that the association may be summarized in a multiplicative model. Table 3 and figure 4 present the results of 13 clinical trials of the efficacy on tocolysis with fj-agonists in preventing pre-term birth within 24 h after onset of treatment.
Example 3: ^-agonists and pre-term birth
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There is a wide variability in the proportion of pre-term births in the control groups across the studies, ranging from 0 to 73.3%. Individual study efficacy estimates, however, do not follow the contour lines of any of the usual parameters of effect (relative risk, odds ratio or risk difference), suggesting the presence of heterogeneity and
Proportion of pr«t«rm
Proportion of (r«»rm blrtn« In conXmf group Proportion of pr«*rm births In control group Figure 4 Graphical representation of the results of 13 controlled clinical trials evaluating the effect of tocolysis with fj-agonists on the percentage of pre-term births within 24 h after onset of treatment RR: relative risk; OR: odds ratio; RD: risk difference the need to use alternative analytic methods for summarizing the data.
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DISCUSSION
In this paper we use the graphical method introduced by L'Abb6 et al. 10 and illustrate its use in 3 examples representative of meta-analyses of follow-up and case-control studies with dichotomous exposures and outcomes. This graphical method permits direct inspection of the range of occurrence of disease in follow-up studies and of the range of exposure in case-control studies, thereby helping to evaluate the degree of homogeneity of the source populations for the studies, as well as the absolute frequency of the disease or of the exposure in follow-up and case-control studies respectively. Heterogeneity of study results is a common problem in meta-analysis. In fact, careful elucidation of the sources of heterogeneity may be one of the most fruitful results of Table 3 •'• Potential sources of heterogeneity include, among others, differences in study design, source population, risk factor and end-point definition, degree of control of potential confounders and heterogeneity with respect to the scale of measurement. The graphical methods discussed in this paper are particularly useful for visual assessment of heterogeneity with respect to the scale of measurement. If effects are multiplicative, individual estimates will tend to follow the relative risk and odds ratio contour lines and cross the risk difference lines, with the opposite situation holding true for additive effects. Additional sources of heterogeneity can be explored by using different symbols to plot the individual estimates according to the categories of the potential source of heterogeneity. If heterogeneity is suspected in graphical displays, specific statistical tests can be used to evaluate departures from multiplicativity and more general risk functions can be fitted to the data. 16 Standard graphical methods for meta-analysis summarize a substantial amount of information and provide an accurate and easy to grasp representation of the data. Metaanalytic results can also be displayed as 'cumulative' graphs, which help evaluate the stability and trends in study results over time, '" as well as using the odd man out technique,' in which heterogeneity appears as a discontinuity in the coverage band where a minimum of all but 1 of the studies included in the meta-analysis overlap. Nevertheless, these methods permit only limited assessment of the source of heterogeneity of study results. The graphical methods discussed in this paper not only permit approximate estimation of the degree of heterogeneity with respect to the underlying model, but also retain information on the frequency of disease in follow-up studies and the frequency of exposure in case-control studies. In this way, these graphs help indicate the variability in the source populations of the individual studies and enable the relevance of the results to be put into perspective from a public health point of view. A relative limitation of these methods, as compared to other procedures, is the difficulty of displaying confidence intervals and identification codes for individual studies, which tend to clutter die graphs. However, these methods are not intended to replace but rather to complement more standard approaches to meta-analysis. Graphs are particularly useful in exploratory analyses of data sets, in evaluating die adequacy of statistical models and in presenting and interpreting study results. The graphical methods discussed in diis paper can be prepared with standard graphics or statistics software with minimum effort. 12 We are grateful to Professor Fernando Rodrfguez Artalejo for his helpful comments.
